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Abstract—Aerial imaging of an open-pit mine integrated
with the visual analytics offers a novel approach for rou-
tine monitoring of tension cracks for mine safety. Tension
cracks may occur on work- or catch-benches that are exca-
vated according to a computer aided design (CAD) model.
The size of the tension cracks, their locations, and evolu-
tions is commonly used to predict slope failures and to
assure the mine safety operations. The goal of this research
was to replace the current manual interventions with an au-
tomated platform for routine report generations for the mine
controller. First, a drone was flown on a preprogrammed
flight trajectory at a constant elevation to generate a mosaic
and a depth map image. Next, work-, catch-benches, and
access roads were automatically identified and represented
by their medial axes. Subsequently, the waypoints from
each medial axis were sequentially uploaded into the drone
for scanning the corresponding regions at high-resolution.
These high-resolution images were then used to delineate
tension cracks. The delineation of tension cracks was per-
formed using steerable filters, ENet, and UNet deep learning
models for comparison. The ENet model, with the leave-
one-out cross-validation method, produced the best per-
formance profile with an Aggregated Jaccard Index and
F1-Score of 0.51 and 0.79, respectively.

Index Terms—Deep learning, image segmentation, intel-
ligent systems.

I. INTRODUCTION

O PEN-PIT mining is the most common mining technique
for exploitation of the ore-bodies from the earth’s surface.

In contrast with underground mining, it provides approximately
90% of the raw mineral supplied globally. Although large and
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small slope failures are an inherent nature of surface mining,
effective studies and monitoring of mining slopes can provide a
cost effective mining operation and safe working environment.
A sophisticated slope management plan reduces the slope failure
risks and assures the safety of both personnel and equipment.
Therefore, a comprehensive understanding of the failure phe-
nomenon is essential and proper early warning of impending
failure events must be provided by implementation of slope
monitoring programs and early warning systems.

A variety of instruments could be employed for monitoring
ground movements [1]. These methods for monitoring ground
movements, in open-pit slopes, not only create an early warning
system about upcoming failures, but also provide valuable infor-
mation about their behavior. These systems can be divided into
surface and subsurface categories, with a further subdivision into
qualitative and quantitative systems. Every method has its own
optimal niche for monitoring failure type and size [2]. Qualita-
tive systems consist of visual inspections, which can be routine
manual-inspections to detect the triggering of instability (e.g.,
tension cracks, excessive rockfalls) or be part of the safety checks
during difficult mining situations (e.g., spotting for rockfalls).
Quantitative systems usually involve instruments measuring
surface or subsurface displacements. Components of surface
displacement measurements can be listed in order of increasing
complexity as follows [2]: cross-crack measurements and vi-
sual inspections; survey monitoring; GPS [3]; photogrammetry;
laser scanning; radar, both ground-based and satellite-based
(InSAR) [3], [4]; and tiltmeters and electrolevels. With respect
to subsurface categories, sensors are typically installed inside
the drill-holes [2] and examples are: inclinometers; short strips
and time domain reflectometer (TDR) cables [5]; extensometers;
thermistors; microseismic [6]; and piezometers. In addition, a
slope monitoring system for a large open-pit mine may include
a hybrid of the above components.

More recently, ground-based radar has become one of the
leading-edge technologies for active slope monitoring due to its
ability to detect movements with high accuracy, spatial coverage,
and frequency of acquisition. Several successful applications of
ground-based radar systems have been used to identify large-
scale failures in open-pit mines [3], [4], [7]–[16]. Displace-
ments are calculated by measuring the phase differences of the
back-scattered microwave signal between two or more coherent
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acquisitions [17]–[22]. This technology presents the advantages
of high measurement accuracy, high spatial and temporal resolu-
tion, long-range capabilities, and limited impact of atmospheric
noise [4]. These measurements are obtained without the need to
install artificial reflectors on the slopes. A comprehensive slope
management system and stability analysis should include the
detection and monitoring of the tension cracks on the ground
surface; however, these cracks are usually not visible in radar
acquisitions due to the field of view. Currently, visual inspection
is the most effective way for detecting new cracks followed
by monitoring of their evolution over the course of time [15].
Typically, a geotechnical engineer walks on the active failing
grounds to identify new cracks, and to install surface/subsurface
instrumentation directly on the crack for monitoring the evolu-
tion, where remote-monitoring may not be feasible based on
the sensor type. Manual sensor installation and instrumentation
has a number of disadvantage that include requiring extensive
amount of human resource and additional sensors, exposing the
human resources to unnecessary hazards and risk, rendering
measurements to sparse locations in the open-pit mine, and
hindering quantitative analysis on the morphology and scale of
cracks.

This article presents a new methodology for automated iden-
tification and monitoring of tension cracks in open-pit mines. It
involves scanning the open-pit mine at a constant elevation with
an unmanned aerial vehicle (UAV). The acquired video stream
images are combined and distortions are corrected using pho-
togrammetry. The results are then extracted as an orthomosaic
image (OI) and digital elevation map (DEM) of the mine. First,
the DEM is used to isolate and delineate distinct regions of the
mine corresponding to the ramps and work- and catch-benches.
Both work- and catch- benches are excavated at constant ele-
vations, but the ramps provide access to different areas of the
mine. The net result is a list of center-lines that are computed
from segmentation of the DEM. Second, computed center-lines
are represented as way-points, uploaded to the UAV, and the
UAV is programmed to scan work- and catch-benches at high
resolution. These high-resolution images are then processed for
crack detection.

A. Related Work

In this section, a brief review is provided for the application
of UAVs in open-pit mines followed by a summary of current
methods on crack detection.

The utility of UAVs in the mining applications has been
increasing rapidly in recent years. By coupling video streams
with flight planning and postprocessing, a large mosaic image
and the corresponding elevation map can be constructed. For ex-
ample, (i) in [23], drone photogrammetry was used for optimum
placement of blasting holes during open-pit mining operations;
(ii) in [24], UAVs were used for geomorphic hazard for increased
safety; and (iii) in [25], UAVs were used to recreate a model of
the open-pit mines.

More recently, computer vision methods have been applied
for crack detection in different media, which include buildings,
roads, and manufacturing processes. The methodologies are
based on image binarization, iterative voting, and deep learning.

The readouts include a stationary camera within controlled en-
vironment, mobile laser scanning (MLS), or aerial photography
with a UAV. In [26], a UAV was used to scan the exterior
of a concrete building to detect cracks using a hybrid image
binarization via multiple thresholds. This methodology works
well for images with relatively uniform background, (e.g., no
shading, uniform illumination), and low texture environment. In
[27], concrete road corridors were scanned using MLS technol-
ogy and surface cracks were detected using the iterative voting
method [28]. In [29], impurities in the manufacturing of metal
components were detected using a fusion of deep learning and
a naive Bayes classifier. Image binarization is not appropriate
for open-pit mines because the background may be textured,
corrupted with shading, or contain natural (e.g., shadows created
by large rocks) or man-made artifacts (e.g., tire marks of heavy
machinery). Iterative voting is applied to a cloud of points that
are collected by a laser scanner, but cracks computed from the
elevation map have a very low contrast. These are the gaps that
we will address with the proposed methodologies.

The novelty of our approach is an integrated system for
identifying tension cracks in open-pit mines. This system 1)
couples flight trajectory of a drone with photogrammetry for
construction of a 3-D topography of the mine at low resolution,
2) computes a semantic representation (e.g., work benches,
ramps) from the 3-D topography of the mine, 3) generates a
second flight trajectory so that benches can be mapped at high
resolution, and 4) identifies and delineates tension cracks from
high resolution images.

This article is organized as follows. Section II provides the
details of the proposed solution. Section III concludes this
article.

II. MATERIALS AND METHODS

A. Evaluation Metrics

The evaluation metrics for segmentation of cracks was based
on pixel- and object-level using F1-score and aggregated Jaccard
index (AJI) [30], respectively. The F1-score was calculated from
precision and recall per Equations (1)–(3). Precision is a measure
of positive predictive value and is defined by the ratio of correctly
classified crack pixels to all classified crack pixels. Recall is a
measure of sensitivity and is defined by the ratio of correctly
classified crack pixels to the number of true crack pixels. AJI
builds on the computed Jaccard Index (JI), shown in (4), for one-
object at a time. First, corresponding annotated and predicted
objects are registered. Second, the JI computes an index, between
0 and 1, based on the correct and incorrect segmentation. Third,
computation of JI is aggregated for all objects.

Precision =
True Positive

True Positive + False Positive
(1)

Recall =
True Positive

True Positive + False Negative
(2)

F1 = 2 ∗ Precision ∗ Recall
Precision + Recall

(3)

J(A,B) =
|A ∩B|
|A ∪B| . (4)
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TABLE I
SUMMARY OF DJI MAVIPRO EQUIPMENT SPECIFICATIONS

Fig. 1. An example of the user interface for the maps made easy iOS
app, where the purple and orange circles define the home base and
the boundaries of the open-pit mine, respectively. The white lines are
the operator-defined UAV path and the app automatically computes the
way-points.

TABLE II
FLIGHT PLANNING DETAILS FOR 3-D MODELING MISSION

B. Representation of the Open-Pit Mines

Two open-pit mines, with diverse geometries and soil textures,
were scanned by a UAV. The detailed protocol for construction
of the image mosaic and DEM is reported along with the spatial
statics of each open-pit mine.

The DEM of each open-pit mine was constructed using a UAV
flown at a constant elevation over the entire pit. The protocol was
tested on two open-pit mines of the size 50 and 250 hectors using
a DJI Mavic Pro UAV at undisclosed locations. The specification
for this commercially available UAV is summarized in Table I.
The flight trajectory was interactively designed and executed us-
ing the maps made easy iOS application. First, an operator used
the app to overlay of the flight trajectories over Googlemaps,
as shown in Fig. 1. Second, the operator specified parameters
associated with the flight planning and image collection as
specified in Table II. The app then directed the UAV to collect
consecutive images, along the specified trajectory, and stored
images on a local disk. Additionally, several ground control
points (GCPs) were marked and surveyed throughout the mine,
where were used for validating the reconstruction.

The following protocol was developed for reconstruction of an
open-pit mine from a UAV video stream, which is visualized in
Fig. 2. Having collected the image sequences and GCPs, the next

Fig. 2. Protocol for reconstruction of an open-pit mine from a UAV
video stream resulting in OI and DEM images.

Fig. 3. Agisoft PhotoScan constructs a (a) rendered OI, and (b) DEM.

Fig. 4. Rendering the OI with the DEM yields an interactive 3-D model
of the pit.

TABLE III
SUMMARY OF 3-D MODEL CONSTRUCTIONS FOR TWO OPEN-PIT MINES

step was to construct an OI and the corresponding DEM. The
OI and DEM were constructed using the commercially available
Agisoft PhotoScan module [31]. This module takes in the series
of geo-tagged images, gathered during the modeling flight, and
generated a single OI and its corresponding DEM, as shown in
Figs. 3 and 4. All processing was performed with a single 8GB
Nvidia GeForce GTX 1080 GPU with the details of processing
times shown in Table III.

Reconstruction of the OI and DEM were validated by the
Agisoft PhotoScan software via 1) the GPS information for each
image, and 2) 12 control points that were manually surveyed in
the open-pit mine. Agisoft software first computed the location
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TABLE IV
ELEVATION STATISTICS FOR PITS A AND B AFTER RECONSTRUCTION

Fig. 5. Elevation PDFs for each reconstructed pit DEM shows that the
two are statistically different with a ks-test p-value of 0.0.

of each pixel in terms of latitude, longitude, and elevation
for the OI and DEM, and then computed the error between
estimated image location and the actual GPS measurement from
the drone. The GPS, on the drone, has an accuracy of +/−5
meters. For pit A, the mean and standard deviations of error for
longitude, latitude, and elevation were 1.6±0.34, 0.542 ±0.72,
and 23.97±0.20 meters, respectively. The reason for a high
error rate in the elevation map is due to the onboard inaccurate
barometer measurements.

Using the DEM reconstructed image, open-pit mines were
statistically assessed for their dissimilarity. Statistical measures
included first- and second-order statistics as shown in Table IV.
Furthermore, similarity between two open-pit mines was as-
sessed using the nonparametric, two-sided, KS-test based on
computed probability density functions (pdf) of each open-pit
mine as shown in Fig. 5.

C. Labeling Benches and Ramps

In the section, we summarize the protocol for labeling of
benches and ramps from the DEM.

Labeling of different geometrical structures of the open-pit
mines such as benches and ramps are essential because tension
cracks are developed in those regions. This is well accepted in the
field and has to do with the inherent instability that may be caused
as a result of excavation. It has also been established that tension
cracks may have different signatures for ramps and benches
[2], [14]. Furthermore, because of the heavy mine traffic, on
ramps, no safety risk can be tolerated [14]; hence, the detection
of tension cracks becomes even more necessary.

The protocol, shown in Fig. 6, delineates benches and repre-
sents ramps with medial axis using a cascade of low and mid-
level image operators on the DEM. The large-scale DEM images
were partitioned into an initial binarized mask that was further
refined using higher level analysis. Connected components of

Fig. 6. Flowchart indicating the protocol for bench detection, bench
identification, and ramp identification.

this initial mask are referred to as super segments, which were
subsequently labeled as either a bench or a ramp.

Computation of super-segments takes advantage of the engi-
neering design for construction of the open-pit mine and intrinsic
properties of the DEM. These super-segments do not necessarily
provide an accurate representation; however, any ambiguities
were resolved with higher level constraints. The sources of inac-
curate representation were often due to erosion and fallen rocks.
During construction, catch- or working-benches are excavated
on horizontal planes, at approximately equal height intervals,
and separated by faces. Ramps are constrained to provide access
roads to various locations in the open-pit mine. When mapped by
DEM, access roads were constrained to be geometrically smooth
and be invariant to shadows; hence, facilitating ramp detection.
Bench and ramp delineation took 62 and 101 s for Pits A and B,
respectively.

While there are a number of possible methodologies for
segmentation, we opted for an approach where the large-scale
DEM were first partitioned into manageable super-segments
followed by applications of low- and high-level reasoning. The
simplest approach for generating the super-segments was to
convolve the DEM with a Gaussian first-derivative operator at an
appropriate scale. Typically, mines are excavated with benches
being 10–15 m wide and faces being approximately 11 m long.
With a window size of 73-by-73 pixels, the coverage area will
be approximately 5-by-5 m, which was about half the width
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Fig. 7. A profile view of DEM benches (blue) with an overlaid first
derivative Gaussian kernel (red) showing the maximum possible kernel
size in relation to the physical width of a bench. (a) Shows a 1-D profile
in blue, the kernel in red, and the convolution results in black. (b) Shows
thresholded convolution results.

of a face or a bench. Fig. 7 shows the results of convolving
a filter with the profile of a bench in Pit A. This window
size provided favorable local support for noise suppression and
accurate localization of edges, i.e., location of the edge being
shifted as a result of the cross-talk between adjacent edges at
the crest and toes. Finally, the window size of 73-by-73 pixels
translates to a Gaussian σ = 8.

Hence, by taking advantage of the spatial smoothness of
benches and ramps, separated by sharp faces in DEM, regions
of high gradient were isolated. The gradient image was sub-
sequently binarized using the adaptive thresholding algorithm
[32]. This algorithm was used to assign a pixel as a foreground
or background pixel by comparing it to a computed average
of its local neighborhood. Additionally, by adding a scalar to
the computed average, the sensitivity of a pixel to its local
neighborhood can be controlled. Results of this protocol, for
six randomly chosen patches from Pits A and B, are shown in
Fig. 8.

The protocol requires two free parameters of “neighborhood
size” (aka window size) and “sensitivity” (as defined in MAT-
LAB) in the adaptive thresholding algorithm, which were em-
pirically (e.g., search and parameter tuning) determined. These
parameters were chosen by first selecting a region of the open-pit
mine that was highly effected by changes in these parameters,
i.e., a high “sensitivity” and low window size resulted in frag-
mented benches. Next, the AJI was computed for a range of
sensitivity values and window sizes, where the results are shown
in Table V. Finally, the parameters 513 and 0.3 produced the best
AJI-score and were selected for processing of both Pits.

1) Segmentation of Benches: Super-segments can be er-
roneous as a result of rockfalls or intersection of benches with the

Fig. 8. Comparison of manually annotated (green) and automatically
detected (red) bench boundaries shows the difficulty in manually delin-
eating benches from faces in RGB images.

TABLE V
FREE PARAMETERS OF THE ADAPTIVE THRESHOLD ALGORITHM WERE

EMPIRICALLY DETERMINED BY MAXIMIZING THE AJI-SCORE

access road that cause adjacent benches, at different elevations,
to be merged. This ambiguity can be resolved by perceiving
each bench, at a specific elevation, with a unique “mode” and
utilizing the mean shift algorithm [33]. The mean-shift algorithm
identified distinct modes in the elevation data, and assigned
each mode a unique label. As a result, two benches that were
merged erroneously via an access ramp were partitioned based
on their elevation differences and unique labels were assigned to
each bench. To speed up the processing time, spatial data were
sampled without the loss of performance on the segmentation
result. Examples, for two different open-pit mines, are shown in
Figs. 11(b) and 12(b), where each bench is uniquely labeled ac-
cording to the corresponding mode in the mean-shift algorithm.

2) Segmentation of Ramps: Within a single open-pit, there
were two types of super-segments: 1) corresponding to constant-
height catch-benches; and 2) ramps that provide road access to
different regions of the mine. The boundaries between these
two were often blurred, ambiguous and lead to incorrect seg-
mentation results, i.e., portions of the ramp may be assigned to
a catch bench or vice-versa. However, delineating ramps cannot
be resolved without integration of high-level attributes.

For each super-segment, a pdf was computed from the corre-
sponding elevation points, which we refer to as elevation map pdf
(em-pdf). Fig. 9 shows a significant difference between the em-
pdf of benches and ramps, where a simple second-order statistic,
such as standard deviation, was sufficient to discriminate ramps
and benches. Since, all active open-pit mines must contain at
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Fig. 9. PDFs of benches and ramps can easily be differentiated. The
first 17 PDFs, shown in blue, correspond to benches and the last one, in
red, corresponds to a ramp.

least one ramp for access and material removals, two different
clusters of em-pdf must be present in every open-pit mine. These
clusters were identified by the application of k-means on the
standard deviation of em-pdf. To eliminate the effects of random
initialization, the two clusters were initialized with the minimum
and maximum values of standard deviation in the sample pool.

Once super-segments containing a ramp have been identified,
the corresponding medial axes (e.g., the centerlines) were ex-
tracted such that the path corresponds to the ramp. The medial
axis, for each super-segment, was computed using a skele-
tonization method [34] and endpoints were then computed and
organized by their associated elevation. A pair of endpoints was
chosen by their largest difference in elevation, and the shortest
path along the skeleton was computed [35].

Fig. 6 shows the protocol for bench and ramp identification.
Fig. 10 visualizes the intermediate results for ramp detection:
super-segment image with identified segments based on em-pdf;
skeletonized segments; and the final ramp path. Figs. 11 and 12
show the final bench and ramp detections for Pits A and B,
respectively.

D. Topographic Flight Path Generation

To collect high-resolution images of benches for crack detec-
tion, the UAV was reprogrammed to follow and scan the work-
or catch-benches at a specific altitude for a specific resolution. A
natural choice for following a path along a bench, at a constant
altitude, was the bench centerline. However, this computation
is not trivial as benches may not be continuous (e.g., eroded
benches and fallen rock) and segmentation results may not
yield smooth boundaries. Hence, to compute reliable centerlines,
super-segments were skeletonized [34], the endpoints computed
and localized, a cost function was computed for each pair of

Fig. 10. Intermediate steps of the ramp-detection protocol shows de-
tection of ramps from a bench super-segments. (a) Overlays super-
segment regions (red) on the super-segment map. (b) Overlays the
medial axes (red) of each super-segment on the map. (c) Overlays
computed ramp path (red) on the map.

endpoints based on the minimum path, and the optimum path
was selected.

Suppose that for an arbitrary pair of endpoints, [xi xj], there
is a finite set of paths,P , along the skeleton that link the two end-
points together, P = {p1, p2, . . . , pk} | k ∈ [1,K];K < ∞.
Then the cost function for the pair of endpoints is

Cij = min
p∈P

||pk|| (5)

where ||pk|| is the absolute length of path pk.
Finally, each centerline was converted into a series of GPS

coordinates that can be uploaded to the UAV. This protocol
is shown in Fig. 13. Additionally, one of the side effects of
computing the flight path from the elevation map is an added
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Fig. 11. A cropped region of “Pit A” shows: (a) OI. (b) OI with bench
delineations. (c) OI with ramp detection. For the purpose of visualization,
segmentation has been rendered with the original color of the OI.

Fig. 12. A cropped region of “Pit B” shows: (a) OI. (b) OI with bench
delineations. (c) OI with ramp detection. For the purpose of visualization,
segmentation has been rendered with the original color of the OI.

redundancy to the on-board collision avoidance sensors and
software.

E. Crack Detection and Characterization

Crack detection has been evaluated using procedural and
deep-learning models. Procedural methods use steerable filters,

Fig. 13. Flowchart indicating the protocol for generating a region of
interest way-points from the super-segments of a bench.

which must be coupled with perceptual grouping. The rationale
for perceptual grouping is that the cracks are not necessarily
continuous and postprocessing is needed. The deep-learning
approach uses a variant of instant-based segmentation for high
throughput processing given the massive amount of data. In both
cases, high-resolution OI requires large amounts of computa-
tional RAM for image analysis. To alleviate this constraint, an
OI was tiled into smaller patches that easily fit into RAM and
processed. This sliding window approach is commonly used in
many applications for analyzing large images.

1) Steerable Filters: Cracks in work- and catch-benches
can be detected by their pixel intensities and elongated shape.
Their unique geometrical structures justifies application of steer-
able filters [36] (e.g., a bank of filters) that modulate filter shape
with different elongations, orientations, and scales. Each filter
was a 2-D kernel defined by the second-derivative of two 1-D
Gaussian filters in the x- and y-directions. The main advan-
tage is that these filters are separable; hence, high throughput
processing was assured. The Sigma of Gaussian defines the
scale (e.g., the width of the gap), and was modulated from 5
to 20 (e.g., 19.6–78.3 cm). Filter orientation was modulated
every 10◦ in the intervals between 0◦ and 360◦. This protocol
produced 118 filters, each filter was applied to the image, and an
output where each pixel corresponds to maximum response was
aggregated into a single image for thresholding. A companion
image also saved the orientation for maximum response at each
pixel location.

The filter bank was effective in terms of capturing cracks;
however, it suffers from false positives, cracks can be frag-
mented, and higher level processing would be required. The
higher level processing would be in terms of perceptual grouping
of the medial axis in a delineated graph [28] or shortest path
algorithm. However, these results are not reported here because
steerable filters suffer from a significant amount of false alarm,
as discussed later.

2) Convolutional Neural Networks: Deep learning mod-
els are used in many different computer vision applications,
and perform particularly well in image segmentation. Within
the deep learning framework, convolutional neural networks
with a encoder–decoder architecture are specialized for image
segmentation. The ENet [37] and UNet [38] architectures are
well known models in the literature. Each architecture was
implemented in accordance with their respective manuscripts;
however, the size of the input and output images were reduced
from 512-by-512 to 380-by-380. ENet (efficient neural network)
was originally developed for mobile applications by reducing
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TABLE VI
HYPERPARAMETERS USED TO THE TRAIN ENET ARCHITECTURE

TABLE VII
EVALUATION OF SEGMENTATION PERFORMANCE FOR VARIOUS

METHODOLOGIES SHOWS ENET AS THE FAVORABLE APPROACH

TABLE VIII
LEAVE-ONE-OUT PERFORMANCE FOR THE ENET ARCHITECTURE

the number of required complex operations, and is also referred
to as “instant-based segmentation.” Its architecture consists of
encoder (e.g., compression) and decoder (e.g., segmentation)
layers. Each layer consists mainly of 5 × 5, 5 × 1, 1 × 5, 3 ×
3, 3 × 1, 1 × 3, or 1 × 1 convolutions with a total of 17 layers.
Due to small window-size convolutions, the processing time for
each patch was approximately 78 ms. Training of the ENet was
performed with a mini-batch size of 10, an adaptive moment
estimation (ADAM) optimizer, and the hyperparameters listed
in Table VI.

For training and testing, 74 images were annotated. These
images include patches with and without cracks. All data were
collected by a UAV at six independent locations with altitudes
ranging from 16 to 135 m above the surface. OIs were gener-
ated, by the same protocol for open-pit mine, and arranged in
patches of 380-by-380 pixels. Annotated images were divided
into training and testing sets with the ratio 85–15%, respectively.
Data augmentation was then utilized to extend the number of
training images by 14-fold and included: rotations, flipping,
contrast alteration, noise additions, and warping. Performance
was assessed using AJI and F1-Score. Table VII summarizes
the performance of each predictive model in terms of AJI and
F1-Score following extensive cross validation and Fig. 14 high-
lights key examples of each model’s predictive abilities. Having
validated the ENet superior performance, leave-one-out cross-
validation method on the original 74 images was also performed.
The Leave-one-out is an unbiased estimator of the generalization
error [39], and produced an improved performance of 0.51 AJI
score, as shown in Table VIII.

III. RESULTS AND DISCUSSION

This article has provided an approach to integrate aerial
surveillance of open-pit mines with visual analytics for rou-
tine monitoring of tension cracks for mine safety. First, a 3-D
reconstruction of the open-pit mine was created using video

Fig. 14. ENet had the best performance for crack detection for a
diversity of spatial signatures. (a) High contrast crack against low
textured background. (b) Fragmented crack with possible erosion.
(c) Thin crack next to tire marks resembling cracks.

surveillance from a UAV; from which intrinsic properties of
spatial organization of the DEM were computed. These proper-
ties were then utilized to take high-resolution video surveillance
of areas prone to tension-cracks and eventual failures (e.g.
working- and catch-benches). Bench detection was validated
against manual annotations with a reported AJI score of 0.84.
Second, three visual analytic models, based on procedural and
learning techniques, were used to automatically delineate ten-
sion cracks from high-resolution video streams. ENet produced
the best segmentation performance of the tension crack images
with 85–15% of the data decomposed for training and testing
followed by cross validation. Subsequently, the leave-one-out
method increased the performance further in terms of AJI and
F1-score, which suggests that model construction can benefit
from a larger sample size.

Comparison of the computed AJI and F1-score, for each of
the three crack delineation methods, showed that ENet outper-
forms other methods for segmenting tension cracks, as shown
in Table VII. Examples of the model predictions are shown in
Fig. 14, where patches were selected to highlight the differences
between each model’s predictive abilities: Fig. 14(a) shows a
simple example of a single crack; Fig. 14(b) shows an example
of a fragmented crack; and Fig. 14(c) shows a thin crack in
the context of neighboring tire marks. These examples indicate
that steerable filters suffer high false alarm rate and that the
segmentation accuracy will be further compromised following
perceptual grouping. However, the encoder–decoder architec-
ture of ENet was better capable to learn scale of the cracks,
perform grouping of cracks, and remain insensitive to artifacts
such as tire marks.
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Future work involves (i) collecting additional data for im-
proved tension crack segmentation, and (ii) monitoring the crack
evolution over time. In (i), tension crack images will be collected
under different conditions (e.g., cloudy days, varying sun posi-
tions, wet, and dry soil) to add to the diversity of testing data.
A subset of data with poor performance will then be annotated
and the ENet model will be retrained for improved robustness
of the model. In (ii), crack monitoring was not performed due
to the lack of data representing the dynamics of crack evolution.
If the evolution of tension cracks can be monitored then these
indices can also be integrated with the risk or hazard prediction.
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